Missouri University of Science and Technology

Scholars' Mine
Electrical and Computer Engineering Faculty
Research & Creative Works

Electrical and Computer Engineering

01 Mar 2004

Intelligent Control Schemes for a Static Compensator Connected
to a Power Network
Salman Mohagheghi
Ganesh K. Venayagamoorthy
Missouri University of Science and Technology

Ronald G. Harley

Follow this and additional works at: https://scholarsmine.mst.edu/ele_comeng_facwork
Part of the Electrical and Computer Engineering Commons

Recommended Citation
S. Mohagheghi et al., "Intelligent Control Schemes for a Static Compensator Connected to a Power
Network," Proceedings of the 2nd International Conference on (Conf. Publ. No. 498) Power Electronics,
Machines and Drives, 2004. (PEMD 2004), Institute of Electrical and Electronics Engineers (IEEE), Mar
2004.
The definitive version is available at https://doi.org/10.1049/cp:20040355

This Article - Conference proceedings is brought to you for free and open access by Scholars' Mine. It has been
accepted for inclusion in Electrical and Computer Engineering Faculty Research & Creative Works by an authorized
administrator of Scholars' Mine. This work is protected by U. S. Copyright Law. Unauthorized use including
reproduction for redistribution requires the permission of the copyright holder. For more information, please
contact scholarsmine@mst.edu.

594

INTELLIGENT CONTROL SCHEMES FOR A STATIC
COMPENSATOR CONNECTED TO A POWER NETWORK
S. Mohagheghi', R.G. Harley*, G.K. Venayagamoorthy+
*School o f Electrical and Computer Engineering
Georgia Institute o f Technology
Atlanta, GA 30332-0250 USA
rharley@ece.gatech.edu
'Department of Electrical and Computer Engineering
University of Missouri-Rolla
Rolla, MO 65409-0249 USA
ganeshv@umr.edu

Keywords: Static Compensator, Neurocontrol, Indirect
Adaptive Control, Takagi-Sugeno Fuzzy Logic Controller,
Power System

Abstract
Two intelligent controllers are designed for a static
compensator (STATCOM) connected to a single machine
infinite bus power system (SMIB): a novel nonlinear adaptive
controller using artificial neural networks based on the
indirect adaptive control technique and a Takagi-Sugeno type
fuzzy controller. Both schemes provide nonlinear adaptive
control with better performance compared to the conventional
PI controllers. Simulation results are presented to compare the
performances of these controllers with that of the
conventional PI controllers.

1 Introduction
Static Compensators (STATCOMs) are power electronic
based shunt Flexible AC Transmission System (FACTS)
devices which can control the line voltage at the point of
connection to the electric power network. Regulating reactive
injected by this device into the network and the active power
absorbed from it, provides control over the line and the DC
bus voltage inside the device respectively [3]. A power
system containing generators and FACTS devices is. a
nonlinear system. It is also a non-stationary system since the
power network configuration changes continuously as lines
and loads are switched on and off.
In recent years, most of the papers have suggested methods
for designing STATCOM controllers using linear control
techniques, in which the system equations are linearized at a
specific operating point. Based on the linearized model, PI
controllers are tuned in order to have the best possible
performance [1],[15]. The drawback of such PI controllers is
that their performance degrades as the system operating
conditions change. Traditional nonlinear adaptive controllers
on the other h q d can give good control capability over a

wide range of operating conditions, but they have a more
sophisticated structure and are more difficult to implement
compared to linear controllers [5],[6],[21].
Intelligent controllers offer a solution to this problem, they
are able to identify and model such nonlinear systems and
they can provide efficient control over a wide range of system
operating conditions. This paper deals with designing two
different intelligent controllers: an artificial neural network
based controller (neurocontroller) and a fuzzy logic based
controller for a STATCOM. In this paper, a power system
network consisting of a single machine infinite bus system
(SMIB) is considered with the STATCOM connected in the
middle of the transmission line.

A novel neurocontroller using an indirect adaptive control
technique is designed, in order to provide nonlinear adaptive
control. Multilayer Perceptron (MLP) neural networks are
used to identifyhodel the power system network called the
plant. They are able to identify, model and control such
nonlinear systems and can be trained online without requiring
large amounts of offline data [14]. Typical simulation results
of the neurocontroller stabilizing the plant are provided.
Fuzzy logic controllers are powerful control techniques that
can stabilize a system without a model of the plant or process
to be controlled [17]. Such scheme has been widely applied in
power systems. A conventional Takagi-Sugeno (TS) type
fuzzy controller [4] is designed to control the STATCOM in
this paper. Typical simulation results of the TS fuzzy
controller stabilizing the plant are provided.

2 STATCOM in a Single Machine Infinite Bus
System
Figure 1 shows a STATCOM connected to a single machine
infinite bus. The system is simulated in the PSCAD
environment. The generator is modelled together with its
automatic voltage regulator (AVR), exciter, governor and
turbine dynamics taken into account. The generator is a 31.5
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MVA, 11.85 kV (line voltage) machine and real parameters
are used for the entire system (see Appendix).

The plant indicates the generator, its controllers, transmission
line, the STATCOM and the PWM module with Ae<, and

The STATCOM is first controlled using a conventional PI
controller as described in [I] (Fig. 2). The difference between
actual and reference values of the power network line voltage
V and the DC bus voltage V, (inside the STATCOM) are
passed through two PI controllers, whose output values

bus voltage deviation) as -outputs, whereas conlroNer
represents line voltage and DC bus voltage control loops.

and A~ in turn determine the modulation index m,and

&,as

inputs and AV(line voltage deviation) and AV,(DC

3 Indirect Adaptive Neurocontroller

Neural networks can he used to adaptively control a nonlinear
system in the presence of uncertainty. Two distinct
approaches for the design of adaptive controllers using neural
Parameters of the STATCOM PI controllers are tuned so that networks are Direct Adaprive Neurocontrol and Indirect
the controller provides satisfactory and stable performance Adaptive Neuroconrrol schemes. In direct control the
when the system is exposed to small step changes in reference parameters of the controller are adjusted to minimize the
values. The PI controllers are tuned at a single operating point observed output error, while in the indirect control scheme,
(Active and reactive power at the generator terminals are 0.63 parameters of the plant to he controlled are estimated using a
p.u and 0.2 p.u respectively).
neural network, called the identifier or the model and the
controller parameters are adjusted based on these estimates
[I I]. The latter technique is used in this paper due to the ever
changing nature of the power system.
inverter output phase shift a applied to the PWM module
given in (1).

)iJ('a
=
o
-c
s

Aed
Be + A e

Controlling the voltage Vat the point of connection to the
network is the main objective of the STATCOM considered
in this research.

A schematic diagram of an indirect adaptive nenrocontroller
connected to a plant is shown in Fig. 3. It basically consists of
one neural network used as a nenrocontroller, along with a
second neural network used for identifying the plant [7].

- 1

TW

Figure 3: Indirect adaptive neurocontroller
The networks used in this paper are three-layer Multilayer
Perceptron (MLP) neural networks having a single hidden
layer with sigmoidal activation function and the
hackpropagation algorithm is used for their training [2].

3.1 NeuroidentifierModeI neural network
The artificial neural network identifier (ANNI) in Fig. 3 is a
neural network which is trained to identifyhodel the
dynamics of the plant to be controlled. The inputs of the
ANNI are the plant inputs u = ( ~ e d , ~ eand
, ) outputs

Figure 21 STATCOM controller

y
, = (Av,Av,)at times t, (1-1) and (t-2) along with a constant
bias input, and the neural network training sampling time step
is 375 ,us.For the combination of inputs mentioned above, the

Authorized licensed use limited to: University of Missouri System. Downloaded on March 12, 2009 at 10:26 from IEEE Xplore. Restrictions apply.

596

ANN1 estimates the plant outputs
(t+Z) (Fig. 4).

k = ( ~ 8 , ~ t ~ ' time
)at

Ae,and ae,as the plant inputs in order to reduce the error
between the reference and actual values o f V and

vdcin the

plant.
AV(1-1)
AV( 1- 2)
AV(1-3)
Avdc(l-l)
t - 2)
AVd,(i-3)
Ae,(i-1)
Aed(l-2)
Aed(i- 3)
Ae ( 1 - 1 )
Aeq( I- 2)
Ae: (I- 3)

In this work, the neurocontroller consists of two separate
neural networks, one for the line voltage control and the other
for the DC link voltage control (Fig. 6).
A

n

1

Figure 4: Neuroidentifier stmcture
Figure 6: Neurocontroller structure
The ANN1 is trained in a way that it learns the dynamics of
the plant during small disturbances as well as during large
The neurocontroller undergoes two training stages, namely a
natural faults in the network. In order to do this, two sets o f
pre-training stage and aposf-training stage [7].
training have been applied to the neuroidentifier. The first set
which is called forced-training, trains the identifier to track In pre-training stage, the system is simulated in the normal
the plant dynamics when it is perturbed using Pseudorandom mode (with PI controllers controlling the plant), until it
Binaly Signals (PRBS). The second set, called natural reaches steady state, at which the controller outputs are at
training, trains the identifier to learn the dynamics of the their constant values Aedoand Be,, . Now the PI controllers
plant when the PRBS is stopped and the system is exposed to
a large disturbance such as a three-phase short circuit. In each are deactivated by moving switches S, and S, from position I
case the estimated output of the identifier is compared with to position 2 (Fig. 2), and the plant inputs Ae,and Be, held
the actual output of the plant and the resultant error vector is constant at Aed0and AeV, respectively, while PRBS signals
formed which is backpropagated through the neural network
(called forced training) are added to each one from an
to adjust its weights (Fig. 5).
external source and the neurocontroller is trained using the
error signal shown in Fig. 3. The magnitudes of the PRBS
signals for Ae, and ~e are selected in a way that result in

? 5% change in their corresponding controlled variables, Le.,
line voltage and DC link voltage respectively. It should be
noted that at this stage, the neurocontroller is not controlling
the plant (i.e., switch S, in Fig. 3 is in position 2).
During post-training stage, the neurocontroller controls the
plant (i.e., switch S, in Fig. 3 is now in position l), while the
PRBS is set to zero and the system is exposed to some natural
I
faults/disturbances such as short circuit tests. Training the
Figure 5: Neuroidentifier training
nenrocuntroller still continues using the same scheme shown
in Fig. 3.
Details of training the neuroidentifier appears in the authors'
previous work in [IO].
3.3 Desired response predictor
lden ' ier

3.2 Neurocontroller
The neurocontroller is a neuralnetwork trained to adaptively
control the plant outputs. The seven inputs to the
neurocontroller are the plant outputs X = ( A V , AVdi) at times
(I-]
(t-2)
), and (f-3) along with a constant bias input. In turn
the neurocontroller generates the optimal control signals

The neurocontroller is trained using a desired response
predictor which is an optimal predictor. It is designed in a
way that it guides the plant outputs
= (AV,AVdc) to a

x

desired steady operating point or setpoint. Given the values o f
the plant outputs X in the past and at the present time, it
predicts the output of the plant at one step ahead [13].
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The prediction equation of the desired response predictor is
given in (2):

It can be seen that the proposed neurocontroller provides
more efficient damping compared to that of the PI controller.

D(t+l)=a,X(f)+a,X(t-l)+”’+a,X(t
-N),

( 2 ) 4 Fuzzy Logic Controller
where D is the estimated value for the next time step, X(t-i)
Analytical approaches have always been .used for modeling
is the plant’s output vector at time step (t-i).
and control of power networks. However, these mathematical
The coefficients a,are chosen so that any disturbed output models/equations are achieved under certain restrictive
variable always transfers towards the desired steady operating assumptions, such as linearizing a nonlinear system,
point, causing the desired response predictor to be globally approximating a low order model for a higher order system.
asymptotically stahle. The magnitudes of the coefficients ai Even in such conditions the solution will not necessarily he
trivial, and sometimes uncertainties associated with real life
determine the magnitude of the error between the desired problems further exacerbate the reliability of such
response predictor and the identifier, which in turn is used for approaches.
training the neurocontroller. A more detailed explanation
about the values of the different coeficients orappears in Fuzzy logic is a tool that can compensate for the above
problems, since it is the only technique that can deal with
POI.
imprecise, vague or fuzzy information [17]. Fuzzy logic
controllers consist of a set of linguistic control rules based on
3.4 Simulation Results
,fuzzy implications and the rule of inference. By providing an
A 100 ms three-phase short circuit has been applied to the algorithm, they convert the linguistic control strategy based
middle of the transmission line, where the STATCOM is on expert knowledge into an automatic control strategy [41.
connected to the network. Simulation results appear in Figs. 7
On the contrary to expert systems, fuzzy logic tontrollers
and 8.
allow the representation of imprecise human knowledge in a
logical way, with approximate terms and values, rather than
forcing the use of precise statements and exact values; thus
making them more robust, more compact and simpler [16].
Also, as opposed to most neural network based controllers,
fuzzy controllers do not need a model of the plant to he
controlled.
4.1 Fuzzy logic controller structure

Time

(W

Figure 7 : Line voltage during a 100 ms three-phase short
circuit at the midline

A direct control approach is considered for the fuzzy
controller in this paper, in other words two fuzzy controllers
are designed which will replace the PI controllers, one for the
line voltage control and another one for the DC link voltage
control. Outputs of the fuzzy controllers will directly control
the corresponding plant output in a decoupled way. Such a
direct control technique is implemented using conventional PI
controllers, in which &,directly determines the modulation
index and
corresponds to the inverter output phase shift
(Fig. 2). The scheme has been simulated and proved to be
efficient.
Fuzzy variables have been selected as AV, A V ~Aed,
~ ,Aeq,and

fuzzy sets with linguistic characteristics of negative big,
negative small, zero, positive small and positive big have been
assigned to each variable (Fig. 9).
Both inputs of the fuzzy controllers have the same
membership function description as in Fig. 9, however the
subintervals xi’s are heuristically selected based on the

Figure 8: Generator terminal voltage during a I00 ms threephase short circuit at the midline

characteristics of each control loop in order to provide the
best dampingistabilization performance. A Takagi-Sugeno
(TS) type fuzzy rule base has been assigned for each
combination of inputloutput variable [4]. As an example for
the line voltage loop:
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Rule 1: If AV isnegative big, then Ae,is f,(Av),
Rule 2: If AV is negative small, then Aed is f,(AV),
Rule3: If A V iszero, then Ae,is f , ( ~ v ) ,
Rule 4: If A V ispositive small, then Ae,is f,(AV),
Rule 5 : If AV ispositive big, then Be, is

fi(av).

15

Figure 9: Membership functions of the input fuzzy
sets
Where the

k.'sare typical linear functions whose Coefficients

are selected in a way that provides optimal performance.
Using the most popular centroid defuzrifier, the final control
output is given by (3):

iw,.k

(AV)

Aed =

(3)

'=I

i W j

'

iil

where the w,'sare the membership values of each rule for a
certain value of the input signal AV.
;
The same rule base is used for the second controller (i.e., DC
link voltage control).
4.2 Simulation Results

Figures 10 and I 1 show the simulation results Of the system
during a 100 ms three-phase short circuit at the middle of the
transmission line, where the STATCOM is connected to the

16

17

18
19
Time (sec)

20

21

22

Figure 1I : Generator terminal voltage during a I00 ms threephase short circuit at the midline

5

COIlClUSiOIl

Two different intelligent controllers have been proposed for a
STATCOM connected to a power network: an indirect
adaptive neural network based controller and a TakagiSugeno fuzzy logic controller. Preliminary simulation results
have been presented to show the designed controllers have
better damping performance compared to the conventional PI
controller.
At this Prelimina'Y stage, it is not m w ~ n to~ compare
~ ~ e the
performance of the intelligent controllers with one another.
Further simulation tests are being carried out by the authors to
find more efficient coefficients for the linear functions of the
fuzzy logic controller rule set, using least squares method and
backpropagation (steepest descent) method. The results will
be presented in a follow on paper.

Appendix- System Parameters
Parameters of the generator and the transmission line are
given in Table 1. An R-L series model is used for the
transmission line. PSCAD inbuilt models with default values
have been selected for the generator's AVR, exciter, turbine
and governor system (see Table I) [7].
TABLE I
System parameters and generator dynamics
System Parameters
Generator base power (three phase)
Generator line voltage
Inertia
Transmission line impedance
Armature resistance
Field resistance

Authorized licensed use limited to: University of Missouri System. Downloaded on March 12, 2009 at 10:26 from IEEE Xplore. Restrictions apply.
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Actual Values
37.5 MVA
11.85 kV. .
5.3 kWskVA
0.02+j0.4 p.u
0.002 p.u
0.00107 p.u

599

D-axis damper resistance

I

0.00318 p.u

Direct magnetizing reactance
Armature leakage reactance

1.86 p.u
0.14 p.u

Direct damper total reactance

1.9 p.u

PSCAD AVR and exciter model

AClA

PSCAD turbine model

Turl
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